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Introduction
Recent discussions about rising inequality in OECD countries have triggered recurring calls for more government intervention and redistribution (see, e.g., OECD 2011). These calls for action implicitly assume that governments are capable of reducing inequality despite potential countervailing behavioral effects. However, looking at the empirical literature, it is still an open question whether this indeed holds true. In our paper, we contribute to this research question by examining inequality trends in OECD countries between 1981 and 2005 using different country-level data sets. We first look at the development of income inequality over time before investigating whether redistributive policy measures effectively reduce inequality. In particular, we look at the effect of three explanatory policy variables of interestgovernment spending, social expenditure, and progressive taxation-on the Gini coefficient of income inequality. We use different identification strategies to approach our research question and to overcome potential problems of endogeneity.
While the effect of redistributing policies on inequality appears obvious and trivial on the first glance, the expected impact is theoretically less straight-forward if behavioral (second-round) adjustments of economic agents are considered and accounted for. Of course, progressive taxation and social expenditures, which benefit the poor relatively more, reduce the difference between pre-and post-government inequality. This direct inequality reducing effect is confirmed by empirical studies based on individual-level data that study the effect of social policies on the difference between pre-and post-government inequality distributions (e.g., Garfinkel et al. 2006; Fuest et al. 2010 ). However, one has to also consider indirect second-round effects on the pre-government distribution of income which might yield an opposite effect and could eventually overcompensate the initial positive effect (e.g., Sinn 1995; Poterba 2007) . Many redistributive policies such as progressive taxes or social benefits reduce incentives to work or to invest. Given the findings in the literature (e.g., Roed and Strom 2002) that labor supply elasticities are higher at the bottom of the income distribution than at the top, it is likely the case that labor supply reduction in response to redistribution measures is more prevalent among the poor than among the rich. It can thus be presumed that redistribution increases pregovernment inequality and therefore, obviously, also post-government inequality. 1
Another reason for behavioral second-round effects is grounded in the wage-setting behavior of employers. In countries with high levels of redistribution, employers might shift away any social responsibility because they expect the government to ensure decent levels of inequality and fairness. Following this argument, gross-wages 1 See Niehues (2010) for a more thorough discussion of this argument. 1 of employees are lower than in a world without redistribution, whereas employers' profits are c.p. higher; thus implying higher pre-government inequality. Both effects potentially (partly) offset the initial positive first-round effect of redistribution on equality. It is to empirical analyses to explore whether second-round effects outweigh first-round effects or not.
Unfortunately, however, finding the causal effect of redistributive generosity on levels of post-government income inequality is characterized by difficulties. As in most empirical applications that strive at finding the effect of policy measures on outcome variables, one has to be aware that policy measures are themselves responsive to economic and/or political conditions and therefore usually endogenous. In order to overcome any resulting empirical problems, careful empirical work requires identifying the channels of how the policies of interest are shaped. All channels that affect both the policy variable and the outcome of interest (confounders) then need to be controlled for in the empirical estimations (Besley and Case 2000) . To identify confounding variables in our set-up, we start by studying the seminal theoretical work of Meltzer and Richard (1981) . They show that higher inequality tends to cause higher levels of redistribution, because the median voter favors the more redistribution, the further away she is from the mean income. Hayes et al. (1991) and Schwabish et al. (2006) , among others, confirm empirically that the income distribution indeed impacts social expenditures. The results in the literature thus suggest that there is an effect of redistributive policies on levels of inequality, but, at the same time, inequality also influences governments' policies. This mechanism of reverse causality makes the econometric identification of the effect of redistributive measures on income inequality particularly difficult. Simply regressing inequality on redistribution levels neglects that high redistribution might have occurred in societies with high inequality in the first place. We further discuss this problem and our identification approaches to overcome endogeneity in the empirical Sections 4.2.1 and 4.3.1.
We rely on several datasets on inequality to make the results more robust to measurement problems (see Section 2 for a discussion of data sets and problems). 2
We exploit within country variation in a relatively long time series of OECD countries (1981 -2005) and apply different identification strategies, using fixed effects and instrumental variable approaches, to tackle problems of endogeneity. In addition, we use a rather new data set to measure the effect of tax progressivity.
Our results partly confirm that redistributive policies based on government expenditure serve their aim to reduce inequality, despite potential offsetting second-round effects. As for our precisely estimated coefficients, we find that a 1% increase in government spending or public social expenditure is roughly related to a 0.3% drop in inequality. The effects of changes in tax progressivity are less clear and often insignificant implying that indirect behavioral effects play a (bigger) role with tax progressivity. This suggests that governments aiming at reducing inequality should rely more on social expenditure rather than on increasing the progressivity of income taxes. Our results also show that (different) inequality data sources should always be handled with caution.
Despite its policy relevance, the causal effect of redistributive policies on the income distribution has so far found surprisingly little attention in the literature. 3 Chong and Gradstein (2007) find that the quality of institutions positively affects the distribution of incomes. Checchi and Garcia-Penalosa (2008) and Checchi and Garcia-Penalosa (2010) find empirical evidence for the importance of labor market institutions on reducing inequality when applying a three-stage-least-squares estimator. Calderon and Chong (2009) look at a similar research question and obtain confirmative results. A paper by Niehues (2010) provides evidence that more generous welfare states, in terms of total social benefits relative to GDP, achieve higher economic equality. Duncan and Sabirianova-Peter (2008) find that progressive taxation reduces income inequality based on an IV approach. The study of Roine et al. (2009) establishes a negative relationship between inequality and government spending as a share of GDP as well as top marginal tax rates, while Cooper et al. (2011) exploit variation in US federal and state taxes to find that tax policies, on the federal level in particular, compress the income distribution.
The proceeding of this paper is as follows. We first discuss several data sources for measures of inequality (Section 2). In a next step, Section 3 exploits all data sources discussed to sketch the development of inequality in OECD countries over time. Section 4 contains the multivariate regression analyses. Therein, the included variables and their data sources are presented, before fixed effects and IV models are estimated and discussed. Finally, Section 5 concludes.
Inequality Data
The use of (readily available) inequality data usually comes with a considerable amount of pitfalls (Atkinson and Brandolini 2001) . Conducting a cross-country study over time, we particularly have to attach importance to consistency and comparability of the data both over time and between countries. Although Gini coefficients-the most common and popular measure of inequality-are available for a wide range of countries, comparability remains a major problem and methods of calculating are often inconsistent across different datasets, and sometimes even within the same dataset. Consequently, as put forward by Atkinson and Brandolini (2001, p. 772) , "we cannot therefore be sure whether results of comparative or econometric analyses obtained using such data are genuine or a product of data differences." 4 For example, one major problem in calculating the Gini coefficient is that the unit of analysis sometimes is the entire household, whereas it is the individual elsewhere (Atkinson and Brandolini 2001; Galbraith and Kum 2005) . In this paper, we attempt to achieve the best-possible consistency by, firstly, not blending together inequality data from different data sources, which rely on different methods of calculating inequality measures, and secondly, by restricting our analyses to a set of relatively homogeneous OECD countries. We, thirdly, also employ different datasets in order to increase the robustness of the results.
Another pitfall in many datasets is that they either do not cover many countries and points of time or are highly unbalanced. This often hinders the use of advanced econometric panel data techniques. Data restrictions also forbid to look at different types of inequality. We have to rely on inequality in disposable income in all analyses, although it might as well be interesting to look at wage or wealth inequalities.
As for the measurement of income inequality, we mostly rely on the Gini coefficient which is by far the most frequently used measure of inequality in the literature. In order to achieve a sufficient high coverage of countries and points of time, the reliance on the Gini coefficient is inevitable. The data used in our analyses exhibit the largest coverage of OECD countries over time among all data sources consisting of inequality measures. Having the drawbacks and restrictions regarding data and inequality measurements in mind, we describe the datasets used in our analyses in the following. University of Texas Inequality Project (UTIP) Based at the University of Texas, this data source (Galbraith and Kum 2005; Galbraith 2009 ) is intended to overcome pitfalls identified in the Deininger and Squire (1996) data. The basic idea behind the estimates of inequality is that the United Nations Industrial Development Organization (UNIDO) provides consistent measures of inequality of wages in the industrial sector, which are likely to be related to household income inequality. To obtain estimates of inequality, the Deininger and Squire (1996) data are regressed on: (i) inequality in manufacturing pay-obtained from the UNIDO-, (ii) the share of workers in the manufacturing sector to the population, and (iii) three dummies of data sources 7 used by Deininger and Squire (1996) . The resulting estimates then serve as the measures of inequality. Compared to the Deininger and Squire (1996) dataset, they also extend the coverage of both time and countries. All in all, 28 OECD countries are represented between 1963 and 2002. On average, there are 25.8 country observations per year. 6 The initial Deininger and Squire data are among the most widely used data sources in the literature on inequality. The dataset only includes measures of the Gini coefficients that meet three conditions: data are (i) based on household surveys, (ii) cover a sufficient share of the population and (iii) considers a comprehensive coverage of different income sources. However, it is yet criticized for its various inconsistencies, most strikingly in the use of different income concepts (e.g., Atkinson and Brandolini 2001) . The original data only run until 1996, which is why we rely on the UNU-WIDER extension.
7 Income vs. expenditure, gross vs. net of taxes, household vs. personal unit of analysis.
3 The Development of Inequality over Time
In this section, we present descriptive overviews of the development of inequality over time. For brevity, besides looking at the OECD average, we classify countries into several types of homogeneous welfare states. As the welfare type groups differ with respect to institutions such as power of unions in wage bargaining, generosity of unemployment benefits, tax systems, etc., systematic differences across welfare type families provide a first hint that institutions matter for levels of inequality. 8 The unit of measurement for the LIS and WIID data is the Gini coefficient, UTIP data represent estimates as described before. Although all three data sources depict somewhat different developments and trends, there appears to be a common pattern:
Average inequality in OECD countries has increased since the early and mid 1980s, confirming the discussions held in the public media. Both the WIID and UTIP data suggest a little decrease since 2000, while the LIS data display a large increase.
Reasons might be due to either different measurement methods or a lack of recent and reliable data for particular countries. Following the literature, we sort countries into the following welfare regimes: Liberal (Canada, Japan, USA, Switzerland), Social-democratic (Denmark, Finland, Iceland, Norway, Sweden), Conservative (Austria, Belgium, France, Germany, Luxembourg, Netherlands), Radical (Australia, Ireland, UK), Southern (Greece, Italy, Portugal, Spain), Eastern (Czech Republic, Hungary, South Korea, Poland, Slovakia) and Other (Mexico, New Zealand, Turkey).
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Looking at inequality trends separately for different types of welfare regimes in Figure 2 (where the UTIP dataset is used), we confirm the pattern that inequality has increased since the early/mid eighties. The trends show that the rise is the highest in eastern, radical and other welfare types. While it had the lowest levels of inequality before their transition from socialism to democracies, the family of eastern countries has experienced a large increase since 1990; putting their levels of inequality above levels in social-democratic and conservative welfare states, and lately even above southern countries. Inequality is the highest in other welfare types.
As expected, the social-democratic welfare regimes have both the lowest inequality levels and increases. The observation that, for example, radical and liberal welfare states are characterized by more inequality than social-democratic or conservative ones provides a hint that institutions seem to matter for the income distribution.
The large rise in inequality in Eastern European states since the breakdown of socialism in the late 80s/early 90s adds to this presumption. Although Figures 3 and 4 in the Appendix depict slightly different trends, the basic patterns are similar as in the UTIP data. However, the results show that inequality is measured highly inconsistently across different data sources, suggesting that different data should not be blended in analyses. 
The Role of Redistributive Policies
In order to analyze the effect of redistributive policies on inequality trends, we use different econometric methods which are described below. We start with the 7 variables used for the analysis and some summary statistics.
Data Sources and Variables
Dependent Variable: Inequality The measures of inequality are obtained from the data sources discussed and described in Section 2. The sufficient number of observations in these data sets allows to conduct econometric panel analyses. The WIID and LIS data measure inequality with the Gini coefficient, whereas UTIP provides inequality estimates based on a regression estimation (see discussion above).
(Explanatory) Policy Variables of Interest We are interested in the effect of redistributive policy measures on the distribution of incomes. In the analyses we look at three different explanatory variables, which are aimed to capture and measure policies of redistribution: Our first explanatory variable of interest is the level of government spending in a country. The data are obtained from the Penn World Tables (Heston et al. 2009 ). In the western-industrialized OECD countries in our sample, a large share of government spending is attributed to redistributive expenses such as social benefits, welfare and pensions. Additionally, many services and infrastructural measures undertaken by the government have progressive rather than regressive effects. We believe that the variable mirrors governmental expenses for redistribution quite well. We further look at the public total social expenditure. In all specifications employing ARP as the explanatory variable, we also control for the general level of taxation by including a variable for the top marginal income tax rate. This ensures that we identify the effect that directly stems from progressivity, rather than high tax rates.
In order to facilitate the interpretation of our results, we use the logged values of the independent variables of interest in all our estimations. Together with logged inequality as the dependent variable, the coefficients allow an intuitive elasticity interpretation.
Control Variables
We follow the literature and include a standard set of control variables into our estimations. From the "National Accounts" of the United Nations Statistics Division (United Nations 2012) we obtain variables for real GDP per capita (in constant 1990 US dollar prices) and openness to trade, measured as exports plus imports as a share of GDP (constant 1990 prices). Our estimations also control for squared GDP per capita in order to allow for non-linear effects of GDP on inequality (Kuznets 1955) . 9 The inflation rate and unemployment rate come from the OECD's "Main Economic Indicators" (OECD 2012b) and "Labor Force Statistics" (OECD 2012c), respectively. In order to control for the power of employees in wage bargaining, we use a measure of the net union density, measured as net union membership as a percentage of all wage earners, taken from the OECD employment database (OECD 2012a). Levels of higher education are accounted for by World Development Indicator (Worldbank 2012) data of tertiary school enrollment. At last, we include an index of globalization as developed and described by Dreher (2006) . Table 3 in the Appendix provides summary statistics of all included variables. N indicates the number of country-year observations for each variable. Over the time span of interest, we observe variation of inequality measures both within and between countries, where within variation is considerably smaller.
Summary Statistics
The same holds true for our explanatory variables of interest and the controls. Our identification strategies will nevertheless solely exploit these within country variations. The statistics also reveal that the number of country-year observations differs across the measures of inequality as well as our explanatory variable. The following analyses try to maximize the number of observations. This has the drawback that each specification is based on a slightly different sample, depending on which variables are included, because the panel is highly unbalanced.
9 Also see Acemoglu and Robinson (2002) 
where i denotes a country and t the point of time. x i,t−1 is one of the lagged policy variables of interest and C i,t−1 is a vector of several lagged control variables. Time and country fixed effects are captured by γ t and µ i , respectively. Y i,t indicates the level of inequality. i,t is a standard error term and our coefficient of interest is β 1 .
In the Introduction we discussed the problem that policy measures are usually endogenous, requiring the researcher to control for any driving variables that shape both the policy of interest itself and the outcome variable. By estimating the model as in equation 1 we take several steps to overcome such problems of endogeneity.
Firstly, we include a set of standard control variables that are believed to be confounding factors. Omitting these would lead to omitted variable bias and load onto the coefficients of our policy variables of interest. These control variables are discussed above and it does not require extensive explanations why we believe that they might affect both Y and x. Despite the inclusion of these controls, there remains doubt whether all confounding variables are removed from . This, secondly, motivates us to include a set of country fixed effects into our estimation. We thereby control for permanent differences across countries in the redistributional policies as well as inequality, and solely exploit within-country variation in our estimations. If the reverse causality mechanism is systematic within countries-i.e., if the way how levels of inequality affect redistributional policies is always similar across time within a country-, then these time invariant country characteristics and systematic channels are controlled for by the country fixed effects. That is, the country fixed effects approach ensures that we are able to control for any mechanism of reverse causality that is systematic within a country. Other time invariant confounding factors are controlled for as well. 10 Our third step to identify unbiased effects is to include a set of year fixed effects, which account for any year specific effects and help us to control for spurious relations stemming from common trends in the variables on the left-and right-side of the equation. Fourthly, all our right-hand-side variables are lagged one year, so that we estimate the effect of redistributional policies in a year t − 1 on inequality in year t. Such an approach further mitigates the problem of simultaneity bias caused by the fact that varying inequality levels also affect policies of redistribution. The estimated standard errors used for judging the statistical significance are cluster-adjusted for countries. The coefficients of interests are to be interpreted in terms of elasticities. They display the percentage change in inequality in response to a 1% increase in the respective regressor. We are primarily interested in the coefficients of the policy variables government spending, social expenditure, and progressivity. Not all of these are precisely estimated and for some point estimates we obtain relatively large standard errors and confidence intervals, which do not allow a confidential rejection of the null hypotheses that the estimates are different from zero. However, as for precisely estimated coefficients, the signs point in the expected direction. The data suggest that redistributive measures of government expenditure are indeed able to achieve less inequality. Roughly speaking, a 1% increase in government spending or social expenditure decreases inequality by 0.3%. The coefficient on tax progressivity is mostly insignificant, not allowing any clear conclusions. This might hint into the direction that higher tax progressivity triggers behavioral effects which tend to increase pre-tax inequality and hence offset the inequality reducing first-round effects (Poterba 2007) .
Results and Discussion
Regarding the effects of the control variables (see Appendix A.3), we obtain results which are mostly in line with previous studies and intuition. Whereas withincountry variation in GDP or GDP-squared do not have significant effects on inequality, we find some weak evidence that inflation has a small negative effect. The estimations further show that union density has a strong and significantly negative impact on income inequality, suggesting that the variation in union density within countries over time has a significant impact on varying levels of the income distribution. The models above, using both country and time fixed effects, yield some hints that redistributive policies can reduce inequality levels. However, due to possible remaining endogeneity and imprecise coefficients, we do not find clear-cut evidence that second-round effects do not offset redistributive policy measures-especially for progressive taxation. The estimated elasticities and confidence intervals differ depending on the employed dependent variable. This raises concerns about the general data quality (see the discussion in Section 2).
We must further be concerned that our identification strategy is not sufficient in order to obtain unbiased effects. The problem of reverse causality is not properly accounted for if the effect of inequality levels on redistribution policies is not systematic within countries. It might, for example, be the case that levels of inequality in a year t − 1 affect policies in t in a not systematic way, yielding the necessity to control for lagged levels of inequality. Doing so in the above framework would however not be legitimate.
One commonly used way of dealing with such dynamic problems is to include lagged levels of the dependent variable into the set of explanatory variable and estimate the equation using GMM methods as first suggested by Arellano and Bover (1995) and Blundell and Bond (1998) , 11 and applied in our context, e.g., by Calderon and Chong (2009) . Unfortunately, however, these estimators are not appropriate for models with small N and large T like our panel (Roodman 2009; Roine et al. 2009 ). Another reason for GMM methods not to be applicable to our setting rests on our scepticism that the required assumption of "weak exogeneity" is met. The assumption of weak exogeneity allows the explanatory variables to be correlated with past and current levels of the error term, but not with its future realizations. There are reasons to believe that this assumption is barely justifiable in our setting. We have a reverse causality effect at hand, where redistribution does not only decrease inequality, but where inequality also positively affects levels of redistribution. Applying the assumption of weak exogeneity to our case implies that the system-GMM estimator, using internal instruments, would only be valid if future levels of inequality do not affect the current levels of the policy variables of interest: measures of redistribution. However, governments, that expect increasing inequality in the future, could implement redistributive measures to offset the anticipated shock on income inequality. Also, sticking with the logic of the Meltzer and Richard (1981) model, the median voter who expects rising levels of inequality in the future will vote for more redistribution. We are therefore skeptical that the assumption of weak exogeneity is likely to hold in our set-up.
Instrumental Variable Approach
Another possibility to deal with the obvious problem of endogeneity in our setting and to identify an unbiased effect is to find an instrumental variable (IV).
Identification Strategy
Our (second-stage) equation of interest is similar as in the previous section and reads
where β 3 is the coefficient of interest. As discussed above, we raise the concern that omitted variables in the error term might be correlated with our explanatory variables of interest, biasing the estimates. We employ instruments z i,t which are correlated to our respective measures of interest, but, conditioning on other variables, are not correlated with the dependent variable, i.e. Cov(z i,t , i,t ) = 0 and Cov(z i,t , x i,t ) = 0. We estimate the IV model using two stage least squares (2SLS).
Our first-stage equation looks such as
where we include the same control variables as well as country and year fixed effects as on the second-stage, and ν i,t is a standard error term. The instrument z must not affect after conditioning on the confounding variables in vector C and the fixed effects γ and µ. We hence wish to exploit within-country variation in an instrument to identify our effect of interest, again hoping to control for any country systematic unobservable effects.
Finding suitable instruments is generally a difficult task. In our set-up, we require IVs that are independent of i,t in equation 2, but correlated with one of our three respective explanatory variables of interest (represented by x i,t : government spending, public total social expenditure, and degree of progressivity). An ideal instrument would be randomly assigned to each observation and therefore generate a quasi-experimental way to estimate the causal effect. Obviously, no such instrument is available in our setting with country-level observations. Policies or other variables that may be correlated with measures of redistribution are usually not randomly assigned to a country and thus mostly endogenous. We are not aware of any study that uses a randomly assigned instrument to identify the effect of policy variables on inequality.
In this paper, we use the initial levels of our policy variables as of 1981 and extrapolate them with the growth rate of GDP-for government spending and social Table 2 presents the coefficients of interest for our IV estimations. As seen before in section 4.2, our measures of government expenditure seem to have inequality reducing effects, whereas we find tax progressivity not to have a significant impact.
Results and Discussion
Again, not all coefficients are sufficiently precise, but for those that are, we find that government spending and social expenditure compress the income distribution. A 1% increase in these two variables is approximately associated with a 0.3% drop in inequality. This confirms the pattern that we found in our previous analyses.
The results for instrumented tax progressivity are not precisely estimated; thus not allowing any clear interpretation, but providing another hint that behavioral second-round effects play a stronger role with progressivity. The results regarding the control variables are presented in Appendix A.4 and are similar to the fixed effects models.
The results of the IV regressions rest on the assumption of instrument validity. That is, conditional on all control variables as well as the country and year fixed effects, the instruments must affect inequality only through the independent have some impact on the income distribution, but we control for GDP and tax rate on both the first and second stage and hence condition on these variables. All our analyses contain not only year fixed-effects, but also country fixed effects. We thus exploit within-country variation in our instruments and control for any effects that are specific to the included countries and systematic across time.
The results are not entirely satisfying. Although we find negative coefficientsthat one would expect-in most specifications, the standard errors in some cases are large and imprecise, causing p-values and significance values to be high. In IV estimations, weak first-stage results can increase the standard errors on the secondstage, but this is mostly not the reason in our case; first-stage results are sufficiently strong at least for specifications which employ government spending and social expenditure as core explanatory variables. Negative coefficients estimated with more precision-that we obtain as well-, however, provide some evidence that first-round effects of redistributive expenditure policies can outweigh second-round effects and governments are indeed able to achieve inequality reduction.
Conclusion
This paper uses a panel of industrialized OECD countries over the time period between 1981 and 2005 to analyze the effect of redistributive policies on post-tax inequality. Using different data sources to measure inequality, the first part of this paper finds that the Gini coefficient has increased since the early 1980s, after a period of downwards trending inequality between the 1960s and 1980s. The observation that radical and liberal welfare states are characterized by more inequality than social-democratic or conservative ones provides a hint that institutions seem to matter for the income distribution. The large rise in inequality in Eastern European states since the breakdown of socialism in the late 80s/early 90s adds to this pre-
sumption. The analysis also shows that different data sources of the Gini coefficient display different levels as well as developments in inequality, suggesting that the use of empirical inequality measures may be critical and results might depend on the data source. This is confirmed in our regression analyses which find coefficients to differ both in terms of size and precision depending on which data source is used.
However, assuming that the data are consistently measured within one data source, the ordinal character of the data can be exploited to conduct multivariate analyses with inequality as the dependent variable. 13 Exploiting this reasoning, the second part of this paper asks the question of whether redistributive policies significantly reduce inequality. We discuss potential sources of endogeneity and employ fixed effects and instrumental variable approaches to identify the effect of three policy variables of interest. Despite behavioral feedback effects, we provide some evidence that especially government spending and social expenditure meet their target of reducing post-government inequality as measured by the Gini coefficient.
As for our precisely estimated coefficients, our different identification methods yield that a 1% increase in government spending or public social expenditure is roughly related to a 0.3% drop in inequality. Policies of government expenditure seem to matter more for reducing inequality than the degree of progressivity in the tax system. The insignificant results for the latter might hint into the direction that higher tax progressivity indeed exhibits (stronger) behavioral effects, which tend to increase pre-tax inequality and hence countervail the inequality reducing direct effects (Poterba 2007) . Our results show that inequality reduction is more effectively achieved through measures of expenditure as opposed to taxation. Hence, given the disincentive and distorting effects of progressive taxation, our results might imply that governments should combat inequality through policies on the expenditure side rather than increasing the progressivity of the tax system. Our findings might also help explaining observed differences in inequality between European countries and the US. While the US has one of the most progressive income taxes in the world, very little redistribution is conducted through social benefits. In contrast, European welfare states rely (on average) much more on benefits and government expenditure to fight inequality.
The difficulties of identifying a clear and clean causal effect are omnipresent and inherent to this literature. Scholars would require either a field experiment or good quasi-experimental design to obtain a clear-cut causal picture. Obviously-and this problem is underlying almost all, if not all, country-level studies-it is nearly impossible to exploit such an identification strategy, i.e., to randomly assign redistributive policies to a set of countries. We identify possible sources of endogeneity in our setting and take several steps to overcome it. The Fixed Effects and IV meth-ods used here can certainly mitigate problems of endogeneity, but there remains doubt if they are sufficient. Looking at single policy changes in redistribution (the "treatment"), Difference-in-Difference (DiD) analyses may help to identify a clear effect. Though, the required "common trend" assumption across both countries is often difficult to defend. Abadie and Gardeazabal (2003) and Abadie et al. (2010) recently proposed a new approach based on a "synthetic" counterfactual country Quasi-experimental methods such as good IVs, stemming from random processes, or DiD methods, looking at single policy measures, are a promising path.
A Appendix
A. Real GDP p.c. 0.000*** 0.000*** 0.000** 0.000*** −0.000 (0.000) (0.000) (0.000) (0.000) (0.000) GDP squared −0.000** −0.000** −0.000*** −0.000*** 0.000 (0.000) (0.000) (0.000) (0.000) (0.000) Inflation −0.000** −0.000* 0.003** 0.003** 0.002 (0.000) (0.000) (0.001) (0 
